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Abstract: Mangroves are recognized as a highly valuable resource due to their provision of multiple 
ecosystem services. Therefore, mangrove ecosystems mapping and monitoring is a crucial objective, 
especially for tropical regions. Thai Binh province is one of the most important mangrove ecosystems in 
Vietnam. The mangrove ecosystem in this province has faced threats of deforestation from urban 
development, land reclamation, tourism activities, and natural disasters. Recently, to maintain the 
fundamental functions of the ecosystems, a large mangrove area was planted in Thai Binh. The aim of this 
research is to detect the change in the mangrove areas and to create an aboveground biomass map for 
mangrove forests in Thai Binh province. Landsat and Sentinel-2 satellite images from 1998 to 2018 were 
analysed using the supervised classification method to detect mangrove area change. Mangrove Above-
ground Biomass (AGB) was estimated using linear regression between vegetation indices and field AGB 
survey. The accuracy assessment for the classified images of 1998, 2003 and 2007, 2013 and 2018 are 93%, 
86%, 96%, 94% and 91% respectively with kappa of 0.8881, 0.7953, 0.9357, 0.9114 and 0.8761. The 
mangrove cover in the study area was estimated at 5874.93 ha in 1998. This figure decreased significantly 
to 4433.85 ha in 2007, before recovery began to take place in the study area, which was estimated at 6587.88 
ha in 2018. In 1998, the average AGB in this study area was 22.57 ton/ha, and in 2018 it was 37.74 ton/ha 
with a standard error of 12.41 ton/ha and the root mean square error (RMSE) was ±12.08 ton/ha. 
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1. Introduction  
Mangroves are important coastal resources that provide valuable ecosystem goods and 
services (Alongi, 2002). Mangroves play an important role in nature conservation and socio-
economic development of the local communities (Kamal & Phinn, 2011). Mangroves can help 
stabilize the local shorelines and alleviate the devastating impacts of nature, such as dissipating 
incoming wave energy, trapping sediments in their roots, protecting the land, and standing 
a barrier against wind. They also provide important ecological and social well-being through 
ecosystem services. Moreover, mangroves are important habitats for fishes, crabs, and 
shrimps (Giri, Pengra, Zhu, Singh, & Tieszen, 2007).  
In 2000, the mangrove forest area in the world was estimated at 137,760 km2 in 118 countries 
and territories (Giri et al., 2011). The decline of mangroves was caused by over-exploitation, tourism, 
aquaculture cultivation, and urban development (Alongi, 2002). Globally, mangroves have 
decreased by more than 3.6 million hectares since 1980. The greatest mangrove loss in Asia to date 
was 1.9 million hectares (FAO, 2007). In the Southeast Asia region, these mangroves have the 
highest biodiversity in the world (Polidoro et al., 2010). In Vietnam, the area of mangrove forests 
were about 400,000 hectares in the early 20th century. However that area declined dramatically 
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over the next 50 years (Tuan, Yukihiro, Dao, Tho, & Dao, 2003). In Northern parts of Vietnam, from 
Mong Cai to Do Son, throughout the periods 1964-1997, mangrove areas decreased by 17,094 ha. 
In recent years, mangrove forests have been threatened by socio-economic development 
approaches (Alongi, 2002). Therefore, mapping mangrove distribution and biomass in Vietnam is an 
essential tool for mangrove conservation and management. 
Remote-sensing has a high potential to detect, identify, and monitor mangrove conditions and 
changes (Green, Clark, Mumby, Edwards, & Ellis, 1998). The advances in remote sensing technology 
could provide new data resources for mapping mangrove forests (Heumann, 2011). Thus, studies on 
the use of remote sensing data are necessary. Allometric equations for above ground biomass 
estimation are still limited and mainly used for common forest types other than mangroves. The 
mangrove biomass estimation methods based on vegetation indices have been used to reduce cost 
and improve estimation accuracy (Anaya, Chuvieco, & Palacios-Orueta, 2009), (Green et al., 1998), 
(Hamdan, Aziz, & Hasmadi, 2014), (Heumann, 2011), (Kumar & Mutanga, 2017)). Therefore, the 
objectives of this study are mapping mangrove forest changes, and determining the amount of 
above-ground biomass (AGB) in mangroves in the Thai Binh coastal area using allometric equations 
in association with remote sensing data. 
2. Materials and methods  
2.1. Study area 
The study was conducted in Thai Binh Province coastal area and Xuan Thuy national park (Giao 
Thuy district - Nam Dinh province), that is part of the Red River Delta of Vietnam (Figure 1). The 
study only considered 57,100 ha in three districts (Thai Thuy, Tien Hai and Giao Thuy) in Thai Binh 
and Nam Dinh province located in the eastern of Vietnam. This area has the average annual 
precipitation from 1,500 mm to 1,900 mm, the average temperature from 23oC to 24oC. The lowest 
temperature in the study area can be lower than 5oC (Trần et al., 2016). The main mangrove species 
in the study area were Acrostichum aureum, Acathus ebracteatus, Acathus ilicifolus, Sensuvium 
portulacastrum, Avicennia marina, Lumnitzera racemose, Derris trifoliata, Excoecaria agallaocha, 
Aegiceras corniculatum, Bruguiera gymnorrohiz, Kandelia obovate, Rhizophora stylosa, and 
Sonneratia caseolaris (Cúc, 2013).  
2.2 Satellite data  
Landsat satellite images of the study area were obtained from the United States Geological Survey 
(USGS). We used Landsat 5 TM, Landsat 7 ETM+ and Landsat 8 OLI with the spatial resolutions of 30 
m, and Sentinel 2 with the spatial resolution of 10 m. The acquisition date and part/row of images 
were showed in Table 1. 
The selected satellite images were captured in 1998, 2003, 2007, 2013, and 2018 with no cloud 
cover the study area to monitor the mangrove area change. Particularly, the satellite image in 2018 
was used for mangrove mapping and to estimate aboveground biomass in association with data 
from ground surveys. 
Table 1.  Satellite images used in the study 
No Acquisition date Image Resolution Path/row 
1 02/11/1998 LT05_L1TP_126046_19980929_20161221_01_T1 30×30 126/46 
2 21/10/2003 LE07_L1TP_126046_20031021_20170123_01_T1 30×30 126/46 
3 02/02/2007 LE07_L1TP_126046_20070202_20170105_01_T1 30×30 126/46 
4 08/10/2013 LC08_L1TP_126046_20131008_20170429_01_T1 30×30 126/46 
5 07/05/2018 S2A_MSIL1C_20180705T031541_N0206_R118_T48
QXH_20180705T061521 
10×10  
 
  
250 Forest and Society. Vol. 3(2): 248-261, November 2019 
 
Figure 1. Location map of the study area 
2.3 Field data 
Field data were collected in March 2018 along the coastal line of Thai Binh province. The sample 
plots were distributed only in easily accessible areas, and the sampling design was based on the 
simple random sampling method. In total, 37 circle sample plots of 0.1ha area were investigated 
and measured during the summer of 2018. Tree inventory and sampling were conducted in circular 
sample plots of 0.1 ha with a radius of 17.84 m. Field data collection included mangrove species, 
diameter of breast height (DBH), and diameter at 0.3m (D0.3). All trees with DBH or D0.3 ≥ 1 cm in the 
sample plot were measured using diameter tape at the height of 30 cm above the highest prop 
roots.  Universal Transverse Mercator (UTM) Grid Zones 48N coordinate system was used to record 
the coordinates of the plot.  
2.4 Estimation mangrove biomass 
Aboveground biomass can be measured or estimated both destructively and non-destructively. 
Estimating biomass using the destructive method is limited to a small area due to its high 
consumption in terms of time, cost, labor and the destructive impacts on the local natural 
ecosystem. The non-destructive methods are based on allometric equations and remote sensing. 
The allometric equations can estimate the biomass of mangrove using some parameters such as 
diameter at breast height (DBH) and tree height (Kumar & Mutanga, 2017). Several methods, which 
confirmed that remote sensing is possible to estimate mangrove biomass, have been already 
developed and published. Remote sensing is a great data source facilitating field surveys by avoiding 
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the destructive method and reducing time and cost for field surveys (Anaya et al., 2009; Muhd-
Ekhzarizal, Mohd-Hasmadi, Hamdan, Mohamad-Roslan, & Noor-Shaila, 2018; Winarso et al., 2017). 
In this study, the total AGB was estimated by species-specific allometric equations (Komiyama, 
Poungparn, & Kato, 2005) using the Global Wood Density Database density values of oven-dry wood 
for all species in the mangrove forest (Amy E. et al., 2016). 
The estimation of AGB was based on tree diameter and wood density, which were measured in 
the field. The equation for AGB can be expressed as follows: 
  
AGB = 0.251ρ × D2.46  (Komiyama et al., 2005) 
 
Where:  AGB = above ground biomass (kg) 
 p = wood density (g/cm3) 
 D = Diameter at 0.3m with Rhizophoraceae species and D = Diameter at breath Height for 
other species (cm) 
The AGB of Kandelia candel species are not included in list of species created by Komiyama et 
al. (2005). Khan et al. (2005) estimated AGB of K. candel following the equation below (Khan, Suwa, 
& Hagihara, 2005; Komiyama et al., 2005): 
 
AGB = 0.04117(𝐷0.1
2 H)  (Khan et al., 2005)  
 
Where:  AGB = aboveground biomass (kg) 
 D0.1 = Diameter at 0.1 m of height (cm) 
 H = the total height tree (m). 
2.4.1 Vegetation index 
Vegetation density has been detected by vegetation indices (VIs) from optical remote sensing 
images. The vegetation indices have been used to predict the biomass of forest, and normalized 
difference vegetation index (NDVI) is the most common vegetation index (Li et al., 2007). However 
using only NDVI can significantly underestimate the biomass of some woody mangroves (Foody et 
al., 2001). This study used three different vegetation indices to predict mangrove AGB include: 
Normalized Difference Vegetation Index (NDVI), Soil-Adjusted Vegetation Index (SAVI) and Green 
Normalized Difference Vegetation Index (GNDVI).  
 
Table 2. Equation for selected vegetation indices 
The equation for Vegetation Indices  
NDVI = ((NIR – RED)/(NIR + RED)) (Zaitunah, Ahmad, & Safitri, 2018). 
SAVI = 
𝑷𝑵𝑰𝑹− 𝑷𝑹𝒆𝒅
𝑷𝑵𝑰𝑹+ 𝑷𝑹𝒆𝒅+𝑳
 (L+1) (Huete, 1988) 
GNDVI = (NIR – green)/(NIR + green) (Gitelson, Kaufman, & Merzlyak, 1996) 
NDVI = normalized difference vegetation indices, SAVI = soil-adjusted vegetation indices, GNDVI = 
green NDVI; wavelength channels: green, red (R), infrared (IR) and near infrared (NIR) 
 
For AGB estimation, we used backscatter characteristics of mangrove forests in Southeast Asia. A 
number of researchers (Anderson, Hanson, & Haas, 1993), (Zheng et al., 2004), (Mutanga, Adam, & 
Cho, 2012) published empirical functions to estimate AGB, as derived from the relationship between 
vegetation indices and AGB values measured in field sample plots. 
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2.5 Image processing 
All Landsat and sentinel data were pre-processed to allow inter-comparison between these 
data, to normalize the data, to correct the atmospheric effects, and reduce noises. The Landsat 7 
ETM+ image, which had scan line errors on the image after acquisition due to sensor malfunction 
was repaired by the gap filling tool in ENVI 4.5 (Abburu & Golla, 2015). The analyses included 
atmospheric correction, radiometric correction, map enhancement, band combination, spatial 
filtering, multispectral data creation, gap-filling analysis and cloud masking was using in ArcGIS 10.2 
and SNAP Sentinel toolbox. The images were then geometrically registered to the WGS84 projection 
system. Radiometric and atmospheric effects were removed from satellite images. This process was 
performed by the conversion of digital number values in Landsat images into reflectance values.  
Image classification can be considered as the process of pattern recognition or identification of 
the pattern associated with each pixel position in an image in terms of the characteristics of the 
objects or materials those are presented at the corresponding point on the earth’s surface (Syed, 
Hussin, & Weir, 2001). In this study, a supervised Maximum Likelihood Classification method was 
used for the classification. Five major classes were delineated: open mangrove, dense mangrove, 
water, agriculture area and other classes. The composited bands were represented as false color 
combination.  
This study correlated certain variables from vegetation indices derived from Landsat and 
Sentinel 2 image with the measured AGB. These vegetation indices were (1) NDVI, (2) soil-adjusted 
vegetation index (SAVI) and (3) green NDVI (GNDVI). The equations for these vegetation indices are 
provided in Table 2. All image indices were used for regression analysis. 
2.6  Accuracy assessment and model validation 
Accuracy assessment forms an integral part of the classification process (Regression, 2016). 100 
ground points were collected by creating a random point tool in ArcGIS 10.2. Accuracy assessment 
used The Error Matrix method and the Kappa coefficient of the classification. The main advantage 
of using Kappa coefficient is the ability to use the value as the basis for determining the statistical 
significance of any given matrix or the differences among matrixes (Banko, 1998). Kappa coefficients 
are interpreted using the guidelines outlined by Landis and Koch (1977), where strength of the kappa 
coefficients is interpreted in the following manner: 0.01-0.20 slight; 0.21-0.40 fair; 0.41-0.60 
moderate; 0.61-0.80 substantial; 0.81-1.00 almost perfect (Landis & Koch, 1977). 
A validity check was performed to measure the prediction accuracy. Thus, the validation 
process is essential before any model can be used. The predicted AGB obtained from the model was 
correlated with the calculated AGB to observe the coefficient of determination (R²) of model 
validation. Furthermore, the Root Mean Square Error (RMSE) was also calculated (Chai & Draxler, 
2014). 
3. Result and discussion  
3.1 Mangrove classification mapping  
By comparing classified images from two adjacent time points, the area mangroves changed 
was identified (Figure 2). From 1998s to 2018s, dense mangrove forests in Thai Binh province 
increased by 1072.85ha (78.5%) and open mangrove forests decreased by 359.5ha (7.9%). The 
change in mangrove area, however, was instable from 1998s to 2007s and from 2007s to 2018s. 
From the 1998s to 2007s, both open mangrove forest area and dense mangrove forest area 
decreased by 6.1% and 11.9%, respectively. Dense mangrove forests lost 162.63ha, although natural 
forest increase from open mangrove to dense mangrove are quite high in this area (Table 3). 
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Mangrove forest area changes were insigniﬁcant in the context of errors associated with 
classiﬁcation and the dynamic nature of mangrove ecosystems. In other words, these changes were 
well within the error margin. For example, because of the ﬂuctuation of tide, selected areas in 
ﬂooded areas, barren lands, and water bodies could easily be misclassiﬁed from one class to 
another. 
 In the period from 2007 to 2018, open mangrove forests slightly decreased by 81.45 ha (1.9%), 
but dense mangrove forests significantly increased by 605.03ha (102.651%). This increase was 
generally expected based on the management, reforestation/afforestation and protection policies 
of Thai Binh province, including the ban on forest encroachment. 
Most of mangrove forests in Thai Binh province are replanted except the natural mangrove in 
Xuan Thuy National Park (Giao Thuy district). In 1994, the coastal zone in Thai Thuy district was the 
focus of a project entitled the Thai Binh Environmental Preservation Project, implemented by the 
Danish Red Cross and the Vietnam Red Cross. More than 1000 ha of mangroves were planted in five 
coastal communes in Thai Thuy district. Areas with Major Land Use and Land Cover (LULC) change 
were concentrated in the outer periphery and near the shoreline, caused by anthropogenic and 
natural forces, respectively (Figure 2). The change between mangrove and non-mangrove is 
primarily due to the conversion from forest to aquaculture, aggradation; mangrove area increases 
due to sedimentation, and the results of mangrove rehabilitation programs. A new land was formed 
in Thai Thuy district that leads to the expansion of mangrove forests (Figure 2). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.  Land Use Land Cover Map in 1998, 2003, 2007, 2013, 2018 
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Table 3. The estimates area of LULC for Years 1998, 2003, 2007, 2013, 2018  
Open mangrove 
 (ha) 
Dense mangrove 
 (ha) 
Water 
 (ha) 
Agriculture area 
 (ha) 
Other 
 (ha) 
1998 4508.73 1366.20 29783.07 12119.30 7400.52 
2003 4563.45 1372.32 31008.60 11910.60 6355.17 
2007 3230.28 1203.57 28746.09 13969.44 8060.85 
2013 4511.07 1834.02 26089.20 11636.91 13208.85 
2018 4148.83 2439.05 18913.04 7859.42 21849.95 
3.2. Accuracy Assessment  
Two confusion matrixes were created to assess the overall accuracy and Kappa coefficient. A 
random sampling design was adopted in the accuracy assessment. For LULC map, 100 pixels were 
selected for each year, which were then checked with reference to the Google Earth map and 
existing land use/cover maps. 
Overall accuracy of 93%, 96%, 86%, 94% and 91% were achieved for 1998s, 2003s, 2007s, 2013s 
and 2018s with the Kappa coefﬁcient (k) of 0.8881, 0.7953, 0.9357, 0.91 and 0.8761, respectively 
(Table 4).  
 
Table 4. Classified Images accuracy assessment in 1998, 2003, 2007, 2013, 2018 
Years 1998 2003 2007 2013 2018 
Overall accuracy (%) 93 96 86 94 91 
Overall Kappa 0.8881 0.7953 0.9357 0.9114 0.8761 
3.3  Mangrove biomass estimating  
According to field AGB observations, an average of 34.7 ton/ha of AGB was estimated, which 
was ranging from 8.6 ton/ha to 111.3 ton/ha within the sample plots.  
The above-ground biomass in the 37 sample plots were estimated by summing the individual 
components of tree biomass. Then, the biomass derived from the ﬁeld survey was plotted against 
above-ground biomass estimated using the data from the satellite data. The linear regression 
method was used to build the prediction models for AGB by using vegetation indices. The 
scatterplots generated from the linear regression analysis (Figure 3) indicated the relationship 
between vegetation indices and measured AGB values. The results show that R2 value and RMSE in 
different models of NDVI, SAVI and Green NDVI are not insignificantly different. In these models, 
SAVI attended the highest R2 value (0.685), followed by NDVI model (0.676), and the lowest R2 value 
is GNDVI model. NDVI, SAVI, and GNDVI models have slightly different with RMSE of 12.084, 12.080, 
and 12.058 respectively. 
In investigated sample plots, the AGB in a plot in Xuan Thuy National Park is higher than others, 
but vegetation index value in the corresponding pixel is the same as in other plots. The difference 
occurs because vegetation indices cannot be used for mixed-species forests. The sample plots with 
AGB values higher than others are mix-species mangrove forests, and they have two different 
canopy layers. We found that the characteristics of mangroves in almost the study area are even 
aged and a pure species. This type of mangrove commonly has homogenous tree height and one 
canopy layer. This condition leads to high correlation between vegetation indices and mangrove 
biomass, since the third parameter of tree height is homogenous.  
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Table 5. Summary of simple linear regression models using single independent variable 
No. Vegetation 
index 
Model R R2 Adjusted R2 RMSE 
(±ton/ha) 
Standard 
Error 
1 NDVI Y= 148.31x - 41.019 0.822 0.6762 0.667 12.084 12.41 
2 SAVI Y = 98.887x - 41.017 0.828 0.6762 0.667 12.080 12.41 
3 GNDVI Y= 227.65x – 58.542 0.823 0.6774 0.668 12.058 12.38 
 
When understory trees were covered by the canopy layer (Figure 4), the resulting uncounted 
biomass would lead to an underestimation of total AGB. In this study, most of surveyed sample plots 
were even-aged pure species, and only one plot was uneven-aged and mixed species. If the 
mangrove forests in consideration are uneven-aged or mixed species, the accuracy of this method 
will be low.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. Scatterplots of correlations between aboveground biomass (AGB) and vegetation indices: 
(a) NDVI = normalized difference vegetation indices, (b) SAVI = soil-adjusted vegetation indices and 
(c) GNDVI = green NDVI 
 
When understory trees were covered by the canopy layer (Figure 4), the resulting uncounted 
biomass would lead to an underestimation of total AGB. In this study, most of surveyed sample plots 
were even-aged pure species, and only one plot was uneven-aged and mixed species. If the 
mangrove forests in consideration are uneven-aged or mixed species, the accuracy of this method 
will be low.  
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The approach using optical data is commonly used to derive vegetation indices for mangrove 
biomass estimation. Studies have indicated that vegetation indices are effective for monitoring the 
change in mangrove area and biomass (Foody et al., 2001; Hamdan, Khairunnisa, Ammar, Hasmadi, 
& Aziz, 2013; Lu et al., 2016; Wicaksono, Danoedoro, Hartono, & Nehren, 2016). This research 
resulted in a high correlation between vegetation indices and field AGB. This result was in line with 
(Hamdan et al., 2013; Li et al., 2007) that generated good correlations between vegetation indices 
and field biomass. Our result was in contrary to (Wicaksono, Danoedoro, Hartono, Nehren, & Ribbe, 
2011) and (Winarso et al., 2017) that NDVI values and other vegetation indices had low correlation 
with field biomass. 
   
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Relationship between measure and estimate AGB in different vegetation indices: (a) AGB 
estimate by NDVI and field measured AGB, (b) AGB estimate by SAVI and field measured AGB and 
(c) AGB estimate by GNDVI and field measured AGB 
3.4 Aboveground biomass distribution 
Aboveground biomass mapping was conducted in this study based on the NDVI, SAVI, and 
GNDVI linear regression model. The AGB was divided into 10 different levels from no biomass to > 
80 ton/ha (Figure 5).  
After building linear regression models for NDVI, SAVI, and GNDVI in 2018, we used these 
models for the data of 1998 to estimate the changes in aboveground biomass from 1998 to 2018. 
The results obtained from AGB in mangroves from 1998 to 2018 are shown in Table 6. The maximum 
estimated AGB values by using NDVI linear regression of 1998 and 2018 are 59.1 ton/ha and 78.6 
ton/ha. The average AGB in 1998 is 22.57 ton/ha, and in 2018 is 37.74 ton/ha and a standard error 
of 12.41 ton/ha.  
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Table 6. Estimated AGB by NDVI changing from 1998 to 2018 
Parameter 1998 2018 Total change 
Total mangrove AGB of the whole study area (ton) 62880 187990 125110 
Mean area of mangrove AGB (ton/ha) 22.57 37.74 15.17 
Total area (detect by NDVI) (ha) 2786 4980 2194 
Maximum AGB (ton/ha) 59.1 78.6 19.5 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. AGB distribution change in different vegetation indices from 1998- 2018 
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The study by Darmawan et al. (2015) shows that mangrove AGB in Thai Thuy district, Thai Binh 
province was 13.87 ton/ha, in Thanh An Can Gio was 31.61 ton/ha, in Giao Thuy district Nam Dinh 
province was 13.12 ton/ha (Darmawan et al., 2015). Hanh (2017) showed that the average AGB in 
Dong Hung commune, Tien Lang district, Hai Phong city was 36.80 ton/ha (Hanh, 2017). The result 
from Dat and Yoshino (2011) showed that mangrove forest area in Thai Binh province increased by 
987 ha from 1990 to 2007. If we assume equal yearly increases, this would mean an increase of 
58.06 ha per year (Dat & Yoshino, 2011). This increase in mangrove areas is higher than our study 
of 22.41 ha per year. Although mangrove areas were increasing in study area, the total mangrove 
area was decreasing in the Northern coast of Vietnam because considerable decline of mangroves 
in Quang Ninh and Hai Phong province (Dat & Yoshino, 2011). 
4. Conclusions  
This study demonstrated that satellite image data could provide useful information for studies 
on mangroves in Thai Binh province. Our estimation of the extent of mangrove forests in this 
province showed an increase in the mangrove area in the last 20 years. This increase was generally 
expected based on the management and protection policies of Thai Binh province, including the ban 
on clear cutting and forest encroachment. Reforestation/afforestation is also the main reasons for 
mangrove forest to experience steady increase in coverage area. Diffuse environmental pressures 
such as decreased freshwater ﬂow, decreased sediment supply, water contamination, and diseases 
have degraded the forest’s condition however, but that degradation is often lower than the relative 
increase of mangrove forest area. 
This study was also able to produce accurate biomass estimation for mangrove trees. Many 
studies have shown that vegetation indices are highly correlated with vegetation parameters. This 
study also indicated that vegetation indices might achieve significant accuracy in estimating 
mangrove biomass in Thai Binh province. A remote sensing model for biomass was produced based 
on plot data derived from allometric equations using field measurements. The allometric equations 
were used from Komiyama et al. (2005) and Khan et al. (2005), and we did not apply the destructive 
method for measuring AGB (Khan et al., 2005; Komiyama et al., 2005). The model was validated 
using independent validation plots, and the predicted AGB values were within the agreement with 
the measured AGB data. However, the estimation for two-canopy layer mangrove obtained low 
accuracy when adopting the model. The satellite data resolution was still limited. Despite these 
limitations, the remote sensing biomass model developed in this study was able to derive valuable 
AGB estimation for the coastal mangroves in Thai Binh province. 
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